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Music type classification

Team 2: 105061211 Bif/¥s ~ 105060012 R &5+

Abstract:

M ERATHIR RS T 522 A DSP sRFRATAIEEE » WF| Ftkes ey
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l. Problem Analysis:
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Fig. 1. Music signals in time domain Fig. 2. Music signals in frequency domain
1. Implementation:
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Fig. 3. Implementation flow chart
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1. Dataset

HAM A4S Ay 2ot A 5 4 Dataset [3] » —fE &4 100 {E 30 70
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2. Wavelet Transform (WT)

X(t,s) = x(OW(D)dt, (1)

1
il
TRRNE ~ s R E - Y 2 EH R E > S mother wavelet - [4]

Wavelet Transform (WT) &—{[EE1 Short Time Fourier Transform (STFT) 1§
G L B - —FRRE IR MTRFFE RIS - WT A[E]S STFT & fixed
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3. Octave-Scale Filters

17 B SRR [ 11540 Octave-Scale Filters #08 & sHEH - REEFRTE
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4. Peak/Valley Select and Spectral Contrast

IEER Y= EE A feature HYRERE » FRAPTIE Ll & o3 09 - (EHEER - Bl AR = 2%0Y
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5.  Support Vector Machine (SVM)



EE3660 Introduction to DSP Final Project

SVM 22— FEES EF I SE 5% » PR Ses R MR S s — (8
(IRESPE (hyperplane) » HEREIGIERIER TS - SLEHE—EER
(decision boundary) SR 2 738 F(margins) A (L + 5 H0 AT b 52 25 R
A - [1]

I11.  Experimental Result and Discussion:
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Fig. 4. Average Fast Fourier Transform in different type music

2.  Wavelet RHERIBEER ST
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Fig. 5. Music signals in time domain Fig. 6. Music signals in frequency domain
(Blue: Before Wavelet Transform, Orange: After Wavelet Transform

3. Accuracy

H Fig. 7 155148 B Wavelet Transform FzEE 1% i EH 5% &b sl SR A i e i
rg o

Accuracy
Wavelet Fij 74.3%
Wavelet 1& 78.3%

Fig. 7. Accuracy Table
4.  Confusion matrix
FH Fig. 8 #1 Fig. 9 1541 ...(22?)

Wavelet Fij | classical | country | blues | hiphop | pop
classical 90% 6.7% |3.3% |0% 0%
country 11.7% |783% |6.7% [1.7% |1.7%
blues 0% 16.7% |76.7% | 6.7% | 0%
hiphop 0% 13.3% |[5% 76.7% | 5%
pop 5% 16.7% | 0% 8.3% |70%
Fig. 8. Confusion matrix before Wavelet processing
Wavelte 1% | classical | country | blues | hiphop | pop
classical 91% 6.7% |1.7% |0% 0%
country 6.7% 68.3% | 18.3% | 5% 1.7%
blues 3.3% 11.7% |78.3% | 6.7% | 0%
hiphop 1.7% |20% |20% |51.7% |6.7%
pop 0% 11.7% |0% |6.7% |81.7%

Fig. 9. Confusion matrix after Wavelet processing

V.

Conclusion:
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V. Contribution:

1. Method Contributions
???)

2. Implementation Contributions
Wavelet code

VI.  Teaming:

1. PfitEE: Python Coding - GMM ~ SVM
2. sEE#A: denoise method (ex. Wavelet) ~ KL

3. HAMEOIEE I ESERRAY
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